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Degradation-Aware Online Control for Residential Bidirectional Charging
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Abstract
Electric vehicles (EVs) are rapidly becoming a mainstream transport technol-
ogy, and their growing diffusion is influencing mobility and electricity systems.
Since most cars are parked for most of the day, their idle time can offer an
opportunity to provide flexibility. When equipped with bidirectional charging
capability, an EV can support vehicle-to-home (V2H) operation by supply-
ing household demand, vehicle-to-grid (V2G) operation by exchanging energy
with the grid, and increased photovoltaic (PV) self-consumption by storing
surplus solar generation. Unlocking this potential, however, requires control
strategies that manage uncertainty in household demand and solar generation,
satisfy user-driven mobility requirements, and avoid excessive battery wear.

This thesis develops an online framework for residential vehicle–home–grid
energy management with rooftop PV integration. During each home-parking
interval, energy flows among the EV battery, household load, grid, and PV
system are scheduled using a shrinking-horizon model predictive control (SH-
MPC) approach that updates decisions as new information becomes available.
Battery lifetime effects are modeled by combining calendar and cycle aging
mechanisms. To handle imperfect foresight, the controller is coupled with
a neural-network-based forecaster to estimate future household load and PV
generation. The control objective is to minimize total operating cost, jointly
accounting for electricity purchase/sale and battery degradation expenses.

Simulation studies under Swedish residential conditions demonstrate that
degradation-aware bidirectional charging can provide tangible economic value
while maintaining acceptable battery aging. Sensitivity analyses confirm that
these benefits persist across a wide range of operating scenarios and uncer-
tainty levels.

Keywords: Electric vehicles, bidirectional charging, vehicle-to-grid, vehicle-
to-home, battery aging, photovoltaic, model predictive control.
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CHAPTER 1

Introduction

The electrification of mobility is accelerating worldwide, and electric vehicles
(EVs) are rapidly becoming a significant share of residential electricity de-
mand. EV sales exceeded 17 million globally in 2024, corresponding to a sales
share above 20% [1]. In its 2025 outlook, the International Energy Agency
(IEA) projected that 2025 EV sales would surpass 20 million (i.e., more than
one-quarter of global car sales) [2]. This projection is consistent with subse-
quently released full-year market data reported in early 2026, which estimates
global EV sales in 2025 at about 20.7 million units [3].

This sustained uptake is consistent with the Paris Agreement’s long-term
decarbonization goals, which call for deep emission cuts over time and imply
a progressive transition away from fossil-fuel-based transport [4]. However,
transport electrification implies a structural shift of final energy demand from
liquid fuels to electricity. Transport accounts for about 30% of global final
energy demand [5] and, as EV uptake scales, contributes to rising power con-
sumption: global electricity demand grew by 4.3% in 2024 (vs. 2.5% in 2023)
and is projected to remain around 3.9% over 2025–2027 [6].

The electricity demand growth is occurring in parallel with a structural
transformation of supply, driven by the large-scale deployment of variable re-
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Chapter 1 Introduction

newables, especially solar photovoltaics (PV). PV is one of the fastest-growing
renewable energy sources, offering substantial benefits in terms of reducing
greenhouse gas emissions and fostering energy independence. By 2030, re-
newables are projected to supply about 43% of global electricity generation
(up from 32% in 2024), while renewable electricity generation is expected to
reach about 16,200 TWh globally (up from about 9,900 TWh in 2024) [7]. At
the household level, rooftop PV installations not only reduce emissions but
also allow owners to decrease electricity costs by directly consuming their own
solar generation, thereby increasing self-sufficiency. Moreover, surplus produc-
tion can be injected into the grid, enabling owners to generate an additional
source of income [8].

Despite these positive trends, high PV penetration increases the variability
and uncertainty of net demand at the distribution level, due to weather-driven
generation. Together with the rapid growth of electrified loads (including
EV charging), this variability creates new operational challenges for power
systems. A promising way to address these challenges is to utilize EV batteries
enabled by bidirectional charging technologies, allowing EVs to function not
only as loads but also as distributed energy storage resources.

The primary goal of traditional EV charging systems is to charge the battery
once an EV is connected to the power socket [9]. However, a vehicle is parked
approximately 96% of the time during a day, and this dwell time is much
longer than the time needed to fully charge an EV battery [10]. This substan-
tial idle time represents an opportunity for EVs to act as active participants
in the power system, enhancing flexibility and facilitating the integration of
renewable energy sources.

Bidirectional charging enables this idle time to be exploited in a value-
creating manner for both the EV owner and the power system. Specifically,
through vehicle-to-grid (V2G) and vehicle-to-home (V2H) operation, the en-
ergy stored in the EV battery can be exported to the grid or used to supply
the household, respectively. In this sense, bidirectional charging transforms
the EV from a passive load into a flexible, distributed energy node that can
interact with the surrounding energy system when the EV is parked. This
capability provides a natural interface to couple user-centric objectives (e.g.,
cost reduction) with system-level needs (e.g., flexibility under renewable vari-
ability) without compromising the vehicle’s primary mobility function.

However, large-scale adoption of V2G and V2H requires more than technical
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feasibility: it ultimately depends on whether EV users perceive participation
as economically attractive under realistic constraints (mobility needs, uncer-
tain availability, and imperfect forecasts).

From the user perspective, bidirectional charging is appealing only if its ben-
efits are tangible and easy to understand; in fact, user acceptance is widely rec-
ognized as a central bottleneck for large-scale deployment. Reported surveys
and stated-preference studies indicate that clear financial value is a primary
driver of interest, whereas concerns about reduced day-to-day flexibility, range
anxiety, and potential battery wear often limit engagement [11–13]. In this
context, V2H-oriented use cases are frequently perceived as more intuitive,
since they translate directly into household benefits and may also provide
added value during power interruptions [14, 15]. Moreover, rooftop PV is
often viewed as a natural complement to bidirectional charging: surplus so-
lar generation can be stored locally in the EV battery and later used within
the household, increasing self-consumption and improving the overall value
proposition of V2G/V2H operation [16–18].

These considerations motivate the need for control and market participation
strategies that make the user-side economic case for bidirectional operation
robust under realistic mobility and uncertainty constraints.

For this reason, the work presented in this thesis focuses on a user-centric
value proposition for V2G based on energy arbitrage [19]—i.e., charging when
electricity prices are low and discharging when they are high—and on V2H op-
eration to increase household self-consumption (e.g., by using the EV to supply
domestic demand). These services are assessed while explicitly accounting for
two practical factors that determine user acceptance: range anxiety and EV
battery degradation. Moreover, since an EV is not continuously available for
grid interaction, the proposed approach is evaluated in an online setting that
reflects time-varying vehicle availability and forecast imperfections.

From the user perspective, preserving mobility is paramount. Range anxiety
reflects the concern that bidirectional operation may leave insufficient energy
for the next trip; accordingly, empirical studies identify range requirements
and perceived loss of flexibility among the main factors shaping willingness to
participate in V2G/V2H programs [20, 21]. To mitigate range anxiety, a range
of mobility-protection mechanisms can be adopted. These include embedding
user-centric service-quality terms that penalize low state-of-charge (SoC) as a
function of both the achieved SoC and the elapsed charging time [22, 23], en-
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forcing explicit time-based SoC requirements (e.g., reaching and maintaining
a minimum SoC after plug-in) [24], and gating bidirectional operation such
that energy export is enabled only after the battery has reached a defined
target SoC [25, 26].

A further key barrier to intensive bidirectional operation is battery degra-
dation. While frequent cycling can improve the economic attractiveness of
V2G/V2H (e.g., by increasing arbitrage opportunities), it can also acceler-
ate aging [27], introducing an implicit cost for the EV owner and potentially
offsetting the expected gains. Consequently, degradation-aware modeling is
essential to obtain a realistic user-side cost–benefit assessment and to avoid
operating strategies that appear profitable only under overly optimistic aging
assumptions [28, 29].

Beyond mobility-related concerns and battery aging, bidirectional charging
must also cope with real-time variability and uncertainty. In real-world oper-
ation, key inputs evolve over time—for instance household demand and PV
generation—so approaches that assume perfect knowledge of future conditions
can be overly restrictive. Instead, an online, rolling-horizon control strategy—
often referred to as Model Predictive Control (MPC) [30]—is adopted, where
decisions are regularly updated as new measurements and forecasts become
available, naturally capturing time-varying conditions and forecast errors [31].

In summary, enabling bidirectional charging at scale requires control strate-
gies that remain economically convincing for users while respecting mobility
needs, battery aging, and time-varying operating conditions. It is therefore
important to understand how EVs can be effectively integrated as flexible en-
ergy assets—through V2G and V2H operation, and potentially in coordination
with rooftop PV—to enhance the value of bidirectional charging in practical
settings. The next section formulates the research questions that guide this
thesis.

1.1 Research Questions
The previous section motivates the need for user-centric and realistic ap-
proaches to bidirectional charging: the value of V2G and V2H must remain
economically attractive while respecting user needs, battery aging, and time-
varying operating conditions. To clarify the scope of this thesis and structure
the remainder of the work, the following research questions are posed:
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1.2 Thesis Contribution

• RQ1: How economically beneficial is bidirectional charging (V2G/V2H)
for an EV owner under realistic mobility constraints and battery degra-
dation, and how does it compare to conventional unidirectional smart
charging1?

• RQ2: To what extent does explicitly modeling battery degradation
change the profitability and optimal charging/discharging decisions of
bidirectional operation, compared with formulations that neglect degra-
dation?

• RQ3: How can an online, degradation-aware MPC framework for vehicle-
home-grid systems be formulated in the presence of incomplete informa-
tion at decision time, while remaining feasible and economically effective
under forecast errors?

• RQ4: What is the added value of rooftop PV within the proposed frame-
work, and which key parameters (e.g., battery size, PV capacity, driving
patterns) most strongly influence the overall cost–benefit balance?

1.2 Thesis Contribution
This thesis investigates user-centric bidirectional charging for a single EV
owner in a Vehicle–Home–Grid framework, with a focus on economic value
creation through V2G energy arbitrage and V2H household supply. The con-
tributions of the thesis, including those presented in Papers A and B, are
summarized as follows.

User-centric optimization framework. A modeling and optimization frame-
work is developed to coordinate household electricity flows among the EV
battery, the home, rooftop PV (when available), and the grid, with the objec-
tive of improving the user-side economic outcome while respecting practical
requirements.

1Refereed to home charging, unidirectional smart charging lets the user set a departure
time and a target charge level, while the system automatically schedules charging to
take advantage of lower electricity prices (e.g., off-peak hours) and still meet the target
by departure [32].
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Degradation-aware bidirectional charging. The framework explicitly ac-
counts for battery aging costs in the decision-making process, enabling a re-
alistic assessment of the trade-off between potential arbitrage gains and the
implicit cost of additional battery usage. In particular, semi-empirical degra-
dation models are considered, capturing both calendar aging and cycle aging
effects. The impact of including degradation modeling (versus neglecting it)
is quantified in numerical studies.

Mobility-aware operation and range protection. The proposed control frame-
work explicitly accounts for time-varying vehicle availability, and integrates
mobility-related requirements into the decision-making process. In addition,
user-centric constraints with service-quality formulations linked to the achieved
state-of-charge are enforced to guarantee the desired energy level for upcoming
trips. These constraints ensure that bidirectional operation does not compro-
mise the vehicle’s primary transport function.

Online (rolling-horizon) control under imperfect information. An online
MPC-based strategy is adopted to handle time-varying and uncertain con-
ditions (e.g., unknown future data, as well as forecast errors). When future
inputs are not known at decision time, they are estimated using a neural-
network-based forecasting model and updated at each receding-horizon step.
Decisions are then re-optimized as new measurements and forecasts become
available, enabling practical implementability compared to idealized, perfect-
foresight optimization.

Benchmarking against unidirectional smart charging. The user-side value
of bidirectional charging is evaluated by comparison to conventional unidirec-
tional smart charging baselines, highlighting under which conditions bidirec-
tional operation provides additional benefit.

Assessment of PV integration and sensitivity analysis. The added value
of rooftop PV within the proposed framework is analyzed, together with key
sensitivities and trade-offs (e.g., battery capacity, PV size, driving patterns,
and price spreads), to characterize when and why the proposed approach is
most effective.
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1.3 Thesis Outline

1.3 Thesis Outline
The remainder of this thesis is organised as follows. Chapter 2 introduces
bidirectional charging concepts and the broader Vehicle-to-Everything (V2X)
paradigm, of which Vehicle-to-Grid (V2G) and Vehicle-to-Home (V2H) are
key operating modes. Chapter 3 presents the battery degradation modeling,
first introducing battery operation and the mechanisms driving degradation,
and then focusing on the adopted semi-empirical models, which capture both
calendar and cycle aging. Chapter 4 describes the photovoltaic (PV) compo-
nent, including basic modeling assumptions and the solar irradiance data used
in the simulations. Chapter 5 outlines the neural-network-based forecasting
module, summarizing the considered model structures and the selected input
features. Chapter 6 formulates the Vehicle–Home–Grid–PV control problem
and presents the proposed MPC-based coordination strategy, including the
shrinking-horizon online implementation. Chapter 7 summarizes the included
papers (Paper A and Paper B) and clarifies their relation to the overall thesis
narrative. Finally, Chapter 8 concludes the thesis and discusses directions for
future work.
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CHAPTER 2

Bidirectional Charging

The electrification of road transport tightly couples two infrastructures that
have traditionally been planned and operated largely independently: the mo-
bility system and the electric power system. On the one hand, widespread
adoption of EVs can reduce emissions and increase end-use energy efficiency;
on the other hand, large-scale EV charging introduces new electrical loads,
which may exacerbate peak demand, stress distribution assets, and affect lo-
cal voltage profiles if left unmanaged. Comprehensive reviews of EV-grid
integration emphasize that the magnitude of these impacts depends on EV
penetration levels, charging power, temporal charging patterns, and the de-
gree of coordination (or lack thereof) across users and network areas [33–35].

A key paradigm for mitigating adverse grid impacts while extracting addi-
tional value from electrified mobility is the smart grid. In essence, the smart
grid extends the traditional power system with sensing, communication, and
control, enabling more informed operational decisions across generation, net-
works, and end-users. This digitalization supports functionalities such as ac-
tive management of distributed energy resources and coordinated demand-side
flexibility, with the goal of improving efficiency, reliability, and the ability to
integrate variable renewables [36, 37].

11



Chapter 2 Bidirectional Charging

Within this paradigm, EVs can be treated not only as energy consumers but
also as flexibility providers, because their charging process can be controllable
in time and magnitude, and their batteries represent a distributed storage
potential. Depending on the extent to which this flexibility is enabled at the
charging interface, EV integration can be broadly organized into two funda-
mental operating paradigms, depending on the charging flow: unidirectional
charging or bidirectional charging.

Unidirectional charging represents the standard case, in which power flows
only from the electricity grid to the EV. In its simplest (uncontrolled) form, the
EV starts charging as soon as it is plugged in. More advanced smart charg-
ing (or controlled charging) strategies instead schedule the charging power
over time, for instance, to exploit time-varying electricity prices and charge
when electricity is cheaper [38, 39], or to manage local power constraints by
limiting peaks and sharing available capacity at charging sites [40]. In addi-
tion, smart charging can explicitly incorporate battery aging considerations
to avoid overly aggressive operation and reduce degradation [41, 42].

Bidirectional charging extends the standard charging mode by enabling
power to also flow from the EV battery back to external loads or the grid
[33, 43].

Bidirectional charging is therefore the key technological enabler for a class
of vehicle-to-everything applications, denoted as Vehicle-to-X (V2X).

The next subsection introduces the V2X paradigm, outlines the main oper-
ating modes (such as V2G and V2H), and discusses the key challenges asso-
ciated with bidirectional charging strategies.

2.1 Vehicle-to-Everything (V2X)
Vehicle-to-Everything (V2X) builds on the idea that an EV can play a dual
role. It is primarily a means of transportation, but when parked and con-
nected, it can also act as an energy resource. Leveraging bidirectional charg-
ing, this flexibility can be accessed by managing charging and discharging
power at the EV–charger interface, thereby allowing the EV to provide ser-
vices beyond mobility. In the literature, V2X is used as an umbrella term
covering multiple possible recipients of energy and/or flexibility—including
the power grid, a home or building, dedicated local loads, or other vehicles—
and thus encompasses a range of operational objectives and technical realiza-
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Figure 2.1: Illustration of the Vehicle-to-Everything (V2X) concept, showing an
EV as a flexible energy asset capable of interacting with the power
grid (V2G), buildings (V2B), external loads (V2L), homes (V2H), and
other EVs (V2V) through bidirectional charging.

tions [44]. The growing interest in V2X is linked to the transition toward power
systems with higher shares of variable renewable generation and increasingly
electrified end-uses, where flexibility—the ability to shift or modulate electric-
ity consumption and, when possible, to supply electricity back—is valuable
across multiple time scales [43]. Importantly, the feasibility of each V2X mode
is shaped by a combination of technical constraints (e.g., power ratings and
efficiency), market and regulatory conditions (e.g., interconnection and remu-
neration rules), and user-centric requirements (e.g., availability windows and
minimum state-of-charge to preserve mobility) [45].

The following subsections introduce the most common V2X modes—including
Vehicle-to-Grid (V2G), Vehicle-to-Home (V2H), Vehicle-to-Building (V2B),
Vehicle-to-Load (V2L), and Vehicle-to-Vehicle (V2V)—and refer to Fig. 2.1
for a compact visualization, highlighting their typical use-cases, key enabling
assumptions, and main technical and regulatory considerations.
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Vehicle-to-Grid (V2G)
Vehicle-to-Grid (V2G) denotes the operating mode in which an EV can ex-
change power bidirectionally with the electric grid while connected through
a charger/charging station, so that the vehicle battery can be used as a con-
trollable flexibility and storage resource at the grid interface [46, 47]. In
contrast to unidirectional smart charging, where flexibility is provided only
by shaping the charging demand, V2G enables both demand-side modulation
and controlled power injection from the battery, thereby expanding the set of
grid-oriented services that can be delivered [48].

Actors and operational structure. A typical V2G setup involves the EV
(battery and onboard control), a bidirectional charger, and a coordination
layer that may range from a local controller to an aggregator coordinating
large EV fleets. Because individual EV availability is intermittent and user-
driven, aggregation is highlighted as the practical pathway to provide higher
capacity in grid services [43, 47]. Communication and interoperability be-
tween EV and chargers are therefore central to V2G implementation, and are
increasingly framed around standardized interfaces (e.g., ISO 15118) [49].

Service categories

V2G can enable multiple services that may create economic value for the EV
owner (or aggregator) and provide flexibility benefits to the power system.
Among the most representative services discussed in the literature are energy
arbitrage, peak reduction, and frequency regulation [48].

Energy arbitrage. Energy arbitrage relies on the fact that electricity prices
are time-varying and that charging decisions can be shifted in time accord-
ingly. In practice, this service is most naturally associated with home (or
workplace) charging under dynamic or time-differentiated retail tariffs, where
the end-user price is more directly linked to wholesale market conditions. By
contrast, public charging is typically billed according to pricing schemes set by
the charge point operator and/or the e-mobility service provider, which does
not necessarily track short-term wholesale price variations [50, 51]. Under
this premise, an EV can charge when electricity is inexpensive and discharge
when prices are higher, effectively shifting energy in time. This can reduce
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net energy costs—or even generate profits—and contribute to a smoother net
load, provided that bidirectional export is technically allowed and adequately
remunerated [48].

Peak shaving. Electricity demand is not constant over the day and typically
exhibits peaks driven by aggregated residential peaks and industrial and com-
mercial activity. Such peaks increase the stress on generation and network
assets and can lead to higher operating costs. V2G can contribute to peak
reduction by coordinating charging away from peak hours and, when bidi-
rectional export is available and economically justified, by discharging from
EV batteries during peak periods, effectively injecting power to offset part of
the demand and flatten the net load profile. Large-scale assessments indicate
that V2G-enabled EVs can provide substantial peak-shaving potential under
realistic mobility patterns and operational constraints [52].

Frequency regulation. Frequency regulation exploits V2G to help maintain
the instantaneous balance between power supply and demand, since any mis-
match is directly reflected in the system frequency. In interconnected power
systems, the nominal frequency is typically 50 Hz in Continental Europe and
60 Hz in North America, and regulation actions aim to keep frequency devia-
tions within acceptable limits around these nominal values [53, 54]. Frequency
regulation is a service in which a balancing authority dispatches a regulation
signal requesting adjustments of power. V2G-capable EVs can track such sig-
nals by modulating charging/discharging power around a baseline setpoint,
and, since this regulation is a power service with limited net energy exchange
over short time horizons, EV batteries can provide high-quality response while
respecting state-of-charge and mobility constraints, provided that coordina-
tion and compensation mechanisms are in place [55].

Beyond these, the literature also discusses additional grid-support function-
alities. For instance, V2G-capable chargers may provide voltage-support to
avoid low voltage in the distribution network [56]; V2G control can support
congestion management in distribution grids by coordinating EV charging
and discharging to prevent line overloads in specific areas and time periods
[57]; and, under specific technical and operational conditions, fleets of EVs
have been investigated as potential contributors to black-start1 and system

1A black-start is the process of restoring an electric power station, a part of an electric
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restoration processes following wide-area outages [59].

Vehicle-to-Home (V2H)
Vehicle-to-Home (V2H) refers to the operating mode in which an EV can sup-
ply power to a residential load while connected at a household charging point,
allowing the EV battery to act as a flexible home energy resource in addition
to its mobility function [60]. In contrast to V2G, which targets grid-level ob-
jectives and market-based services, V2H is typically framed as an application
where control decisions are driven by household energy management goals and
local constraints [61].

Typical objectives and operating principle

The V2H literature most commonly motivates this mode through

• electricity cost reduction under time-varying tariffs (charging the EV
battery from the grid when the prices are low and supplying part of the
load from the EV through V2H when prices are high) [62],

• improved utilization of on-site generation such as PV by increasing self-
consumption [63], and

• peak load reduction at the household level [64].

These goals are often formulated within a home energy management system
that schedules EV charging/discharging together with domestic loads and
local generation, subject to comfort and appliance constraints [63].

A distinctive value proposition of V2H is the backup supply during grid
outages, where the EV can support critical household circuits or, depending
on the installation, larger portions of the home load [65, 66].

Vehicle-to-Building (V2B) and Vehicle-to-Load (V2L)
Vehicle-to-Building (V2B) extends the V2H concept to a larger and often more
controllable electrical demand, where an EV (or a fleet of EVs) can exchange
power with a commercial or public building through bidirectional charging

grid or an industrial plant, to operation without relying on the external electric power
transmission network to recover from a total or partial shutdown [58].
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infrastructure and a building energy management system. From a functional
perspective, V2B leverages the EV battery as a flexible resource to shape
the building’s net load profile, with typical objectives including peak demand
reduction (notably relevant when demand charges apply) [67], cost reduction
under time-varying tariffs, and improved utilization of on-site generation such
as PV [68]. Compared to residential use, buildings can offer higher power
levels and more predictable load patterns, which can simplify scheduling and
increase the value of coordinated charging/discharging, while still requiring
mobility-aware constraints for the participating vehicles.

Vehicle-to-Load (V2L), by contrast, refers to supplying local loads directly
from the EV, typically through an outlet or a dedicated interface, without
the need for providing services to the grid. V2L is therefore often framed
as an application that emphasizes practicality and resilience: it can power
appliances, tools, or temporary loads in locations where grid access is limited,
and it can supply selected critical loads during outages [69].

Vehicle-to-Vehicle (V2V)
Vehicle-to-Vehicle (V2V) refers to the direct transfer of electricity between
two EVs, where one vehicle temporarily acts as an energy source to charge
another. The mode is typically motivated as a peer-to-peer support func-
tionality, e.g., energy sharing, logistical operations (e.g., fleet support), or to
enable emergency charging when fixed infrastructure is unavailable [60].

From an implementation perspective, V2V can be realized through (i) grid-
mediated transfer (one EV discharges to the grid while another charges) or
(ii) direct transfer using wired or wireless configurations that leverage existing
onboard conversion stages (e.g., using the onboard charger interfaces) [70].

2.2 Key Challenges for Bidirectional Charging
Despite its potential, the deployment of bidirectional charging faces several
challenges that span technology, operations, markets, and user acceptance.

Availability and uncertainty. EV availability is intermittent: the resource
is only available when vehicles are plugged in, and connection/usage patterns
are user-driven and uncertain. This creates variability in the capacity that can
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be committed to services and motivates forecasting, control, and aggregation
strategies that can tolerate stochastic arrivals/departures [45].

Battery aging and incentives. Bidirectional charging increases the EV bat-
tery throughput and may accelerate degradation, introducing a fundamen-
tal trade-off between service value and battery degradation costs. Techno-
economic analyses emphasize that EV participation requires incentive and
compensation mechanisms that account for battery degradation, not only elec-
tricity prices, and that control strategies should be degradation-aware when
cycling is frequent [71].

Mobility preservation and range anxiety. Since the primary function of an
EV is transportation, bidirectional strategies must preserve mobility needs
(e.g., minimum state-of-charge at departure) and avoid undermining user con-
fidence. Behavioral barriers such as range anxiety and perceived inconvenience
are identified as important determinants of acceptance and participation, re-
inforcing the need for user-centric constraints and incentive design [43].

Additional practical barriers to large-scale bidirectional charging deploy-
ment are beyond the scope of this thesis. Interoperability and certification
remain critical, since real-world roll-out requires implementation of commu-
nication standards (e.g., ISO 15118-20 for EV–charger interoperability) and
compliance with grid interconnection and protection requirements [49]. Se-
curity and privacy are also first-order concerns, as V2X expands the cyber-
physical attack surface across vehicles, chargers, aggregators, and infrastruc-
tures, calling for privacy-preserving architectures [72]. Finally, market design
and value allocation determine who pays whom (and for what) across EV own-
ers, aggregators, charge point operators, and system operators: remuneration
depends on service definitions as well as metering and settlement rules for
bidirectional energy flows [43].
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CHAPTER 3

Battery Degradation Modeling

In recent years, batteries have become a cornerstone of electrified transporta-
tion, enabling the large-scale deployment of EVs. Today, lithium-ion (Li-ion)
technology dominates EV energy storage thanks to its favorable combination
of high energy density, power capability, high round-trip efficiency, and techno-
logical maturity [73]. However, as EV penetration increases and batteries are
increasingly used beyond pure mobility (e.g., fast charging and bidirectional
operation), battery aging becomes a central technical and economic concern:
capacity loss and resistance growth progressively reduce usable energy and
power, affect vehicle range, and ultimately determine replacement needs and
life-cycle cost.

This chapter provides the background and modeling tools needed to incor-
porate battery aging in energy management and control-oriented studies. It
first reviews battery operating principles and the main notions required to
interpret degradation phenomena. It then introduces the main battery degra-
dation mechanisms and focuses on semi-empirical aging models, which are
widely used in control applications to represent calendar aging and cycle aging
through nonlinear stress-factor formulations. Next, the chapter surveys alter-
native modeling approaches, such as physics-based and data-driven modeling,
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and discusses their key advantages and limitations relative to semi-empirical
models in terms of interpretability, data requirements, and suitability for op-
timization and controller design.

3.1 Battery Operating Principles
Lithium-ion batteries store and deliver energy through the reversible trans-
port of lithium ions between two host materials: a negative electrode (anode)
and a positive electrode (cathode), separated by a separator and soaked in a
liquid electrolyte, as illustrated in Fig. 3.1. The separator prevents internal
short-circuits between electrodes while allowing ionic conduction, whereas the
electrolyte (typically a lithium salt dissolved in organic carbonate solvents)
provides the medium for Li-ion transport within the cell [74].

Figure 3.1: Charging and discharging principles of Li-ion batteries [74].

During discharge, Li-ions move from the negative electrode to the posi-
tive electrode through the electrolyte and the separator, while electrons flow
through the external circuit to power the connected load. During charge,
an external power source reverses these flows: Li-ions travel from the posi-
tive electrode back to the negative electrode inside the cell, and electrons are
driven in the opposite direction through the external circuit [75].
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From a materials perspective, the negative electrode in commercial EV cells
is most commonly graphite, sometimes blended with silicon to increase capac-
ity, whereas the positive electrode is typically composed of metal oxides, such
as nickel-manganese-cobalt (NMC), or lithium-iron-phosphate (LFP) [76]. A
key interfacial feature is the solid electrolyte interphase (SEI), which forms
mainly on the negative electrode surface during the initial cycles due to elec-
trolyte reduction [77].

From Cell to Battery Pack
Battery operation and degradation are often described at the cell level. In
practice, however, an EV battery refers to a pack composed of many cells
connected in series and parallel, typically organized into modules [74]. Series
connections increase the operating voltage, while parallel connections increase
the usable capacity and allowable current. To a first approximation,

Vpack ≈ Ns Vcell, Qpack ≈ Np Qcell, (3.1)

where Ns and Np denote the number of cells in series and in parallel, re-
spectively, V denotes voltage, and Q denotes (charge) capacity (ampere-hour,
Ah).

Regarding typical voltage levels, the nominal cell voltage depends on the
chemistry (e.g., around 3.2 V for LFP cells [74], and around 3.6–3.8 V for
NMC-based cells [78]). At the pack level, mainstream EV platforms have
historically adopted ∼400 V architectures, while ∼800 V systems are increas-
ingly used to enable high-power fast charging with lower current levels [79].

3.2 Battery Degradation
Lithium-ion batteries do not maintain their initial performance indefinitely:
as time passes and the cell is used, the available capacity and power capa-
bility gradually decrease, while internal resistance typically increases. This
aging process is the result of several coupled physical and electrochemical
mechanisms taking place inside the cell, whose impact depends strongly on
operating conditions such as temperature, SoC, charge/discharge rate, and
depth of cycling.

From a high-level perspective, two mechanisms are often highlighted as par-
ticularly relevant in automotive Li-ion cells. First, the SEI forms mainly on the
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negative electrode during the initial cycles due to electrolyte reduction. While
the SEI is beneficial because it passivates the anode surface and helps stabilize
the electrode–electrolyte interface, its gradual growth over time can consume
cyclable lithium and increase impedance, contributing to capacity fade and
power loss [77, 80]. Second, under unfavorable charging conditions—most no-
tably low temperatures, high charging currents, or high SoC—lithium plating
may occur, meaning that metallic lithium is deposited on the anode surface
instead of being inserted into the host material. This process reduces usable
capacity, can accelerate further degradation, and in severe cases raises safety
concerns [81].

Beyond SEI growth and lithium plating, additional aging phenomena may
develop concurrently, including loss of active material due to particle cracking,
structural changes in electrode materials, electrolyte degradation, and current-
collector or contact degradation [77, 80]. Importantly, these mechanisms can
reinforce each other, making battery degradation highly path-dependent.

3.3 Semi-Empirical Nonlinear Modeling
Battery models can be formulated at different levels of detail to represent elec-
trical, thermal, electrochemical, and aging-related phenomena, depending on
the intended application and time scale. This section focuses on semi-empirical
nonlinear degradation models, adopted in both Paper A and Paper B, because
they offer a practical compromise between physical interpretability, predictive
accuracy within a calibrated operating region, and computational tractability
for simulation- and control-oriented studies [77].

Rather than explicitly resolving internal electrochemical states and side-
reaction dynamics, semi-empirical models describe aging through compact
nonlinear relationships calibrated on laboratory data. In doing so, they re-
late the evolution of state-of-health (SoH) indicators to measurable operating
conditions such as temperature, SoC, depth-of-discharge, current rate, and
cumulative energy or charge throughput.

Health Indicators
Semi-empirical degradation models typically track one or two aggregated health
indicators: (i) capacity loss, i.e., the gradual reduction of the maximum charge
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that can be stored and delivered, and (ii) resistance growth, i.e., the increase in
internal resistance that reduces power capability and increases losses. These
indicators are often represented as deviations from initial values, e.g.,

Qloss(t) = Q0 − Q(t), Rloss(t) = R(t) − R0. (3.2)

Although battery aging manifests in both capacity loss and internal resis-
tance growth, it is common—especially in control- and range-oriented stud-
ies—to quantify degradation using capacity loss alone. This choice is mainly
motivated by the fact that capacity loss directly translates into reduced us-
able energy (and thus driving range), which is often more critical than the
typically more marginal power limitation induced by resistance rise [82–84].
This simplifying assumption is also adopted in Paper A and Paper B.

Decomposition into Calendar and Cycle Aging
A common and practical structure decomposes total degradation into a calen-
dar contribution, associated with time-dependent side reactions occurring dur-
ing storage or low activity, and a cycle contribution, associated with charge–
discharge operation. For a generic degradation modeled as battery capacity
loss, this is commonly written as

Qloss ≈ Qcal
loss + Qcyc

loss. (3.3)

This split is a widely used assumption: calendar and cycling aging are typi-
cally identified separately and then combined via a superposition (additive)
approximation, while any coupling effects are neglected [85].

Calendar Aging

Calendar aging captures degradation that occurs primarily as a function of
time and storage conditions, even in the absence of significant cycling. In semi-
empirical formulations, it is commonly expressed as a cumulative capacity loss
term

Qcal
loss(t) = kcal(T, SoC) tα, (3.4)

where t denotes elapsed time and kcal(·) is a stress factor that collects the
influence of the main stress factors, typically temperature T and storage SoC
(or equivalently storage voltage). The exponent α is often chosen sublinear,
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with α = 1
2 being a widely used assumption, motivated by diffusion-limited

growth processes (commonly associated with SEI evolution) that lead to an
approximately square-root-of-time behavior [86, 87]. This behavior is illus-
trated in Fig. 3.2a, which highlights the time-driven accumulation of Qcal

loss
under fixed storage conditions.

The temperature dependence of the stress factor kcal is frequently modeled
through an Arrhenius-type relationship:

kcal(T, SoC) = kcal,ref(SoC) exp
(

−Ea,cal

R

(
1
T

− 1
Tref

))
, (3.5)

where Ea,cal is an activation energy, R is the universal gas constant, and Tref is
a reference temperature. SoC effects are commonly included via an empirical
dependence in kcal,ref(·), reflecting that calendar aging rates can increase at
higher storage SoC for many Li-ion chemistries [85, 88].

Figure 3.2: Calendar and cycle aging trends for NMC cells based on the semi-
empirical model in [88]: (a) calendar aging under different storage SoC
and temperature conditions; (b) cycle aging under different DoD and
temperature conditions.

Cycle Aging

Cycle aging captures degradation driven by charge–discharge operation and
is therefore primarily linked to cumulative usage. A common semi-empirical
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representation expresses the cycling-induced capacity loss as

Qcyc
loss = kcyc(T, DoD, C-rate, . . .) Nβ

EFC, (3.6)

where NEFC denotes the number of equivalent full cycles (EFC), β ∈ (0, 1],
and kcyc(·) captures the impact of the dominant cycling stress factors, most
commonly temperature T , depth of discharge (DoD), and C-rate [77, 85].
Fig. 3.2b, illustrates the cycling-driven accumulation of Qcyc

loss as a function of
throughput (expressed via EFC in (3.6)) under different cycling stress factors.

EFC provides a throughput-based measure of cycling exposure: it counts
how many full charge–discharge cycles the battery has effectively experienced
in terms of processed charge. DoD quantifies the amplitude of the SoC swing
over a cycle (or over a selected interval), typically defined as DoD = SoCmax −
SoCmin. The C-rate expresses how aggressive the current is relative to the
nominal capacity (1C corresponds to a one-hour (dis)charge at the nominal
battery capacity). Higher C-rates and larger DoD, especially at unfavorable
temperatures, typically accelerate cycle aging [27].

The stress-factor term kcyc(·) can be parameterized in different ways: tem-
perature is often modeled via an Arrhenius-type exponential dependence,
while DoD and C-rate effects are captured through empirical (e.g., polyno-
mial, exponential, or hybrid) functions identified from cycling tests. Other
functional forms have been proposed in the literature; however, the power-law
dependence in (3.6) is widely used due to its simplicity and practical effec-
tiveness [86].

Strengths and Limitations
Semi-empirical degradation models are attractive for system-level studies and
control design because they are compact, require limited computational re-
sources, and rely on input variables that are typically available in a battery
management system. Moreover, the calendar–cycle decomposition provides
a modular structure that aligns with common aging-test protocols and fa-
cilitates the accumulation of degradation along arbitrary operating profiles
[86].

At the same time, their predictive reliability is tied to the calibration do-
main: extrapolation beyond the tested ranges of temperature, SoC, DoD, or
C-rate may lead to significant errors. In addition, these models provide an
aggregated description of degradation and do not explicitly represent internal
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states or the detailed interaction of aging mechanisms. Finally, despite their
relative simplicity, semi-empirical formulations are often nonlinear, which can
complicate their direct integration into real-time control and optimization
frameworks and may require suitable reformulations or approximations for
tractable and efficient problem solving.

State-of-Charge (SoC) vs. State-of-Energy (SoE)
In the battery modeling literature, semi-empirical aging models are often ex-
pressed as functions of the SoC, which represents the remaining charge nor-
malized by the nominal capacity (typically expressed in Ah) [85]. In Paper A,
we follow this convention and use the SoC notation. In Paper B—and in Chap-
ter 6 of this thesis—we instead use the state-of-energy (SoE), which represents
the remaining energy normalized by the nominal energy capacity (typically
expressed in kWh), since the energy management problem is naturally formu-
lated in energy units. Under the common assumption of an approximately
constant open-circuit voltage over the operating range, SoC and SoE are nu-
merically equivalent and can therefore be used interchangeably.

3.4 Alternative Modeling Approaches
While this thesis and both Paper A and Paper B adopt a semi-empirical degra-
dation model due to its favorable balance between accuracy and computational
tractability, other modeling paradigms are also common in the literature for
lithium-ion batteries. In particular, physics-based models describe aging from
electrochemical and mechanical principles, whereas data-driven approaches
infer degradation behavior directly from data. The following sections briefly
outline these alternatives and summarize their main conceptual differences
relative to semi-empirical modeling.

Physics-based Nonlinear Modeling
Physics-based models represent cell dynamics and degradation mechanisms
through governing equations derived from charge and mass conservation laws,
coupled with constitutive relations describing interfacial reaction kinetics and
multi-phase transport processes. In contrast to semi-empirical aging models
that prescribe degradation laws through fitted functional relationships based
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on physically motivated stress factors (e.g., DoD, temperature, or equivalent
full cycles), physics-based models enable the estimation of internal state vari-
ables, such as concentration and potential distributions, which are not directly
measurable but fundamentally govern degradation evolution [89–91].

A common foundation of physics-based battery modeling is porous-electrode
theory, leading to the pseudo-two-dimensional (P2D) or Doyle–Fuller–Newman
(DFN) model family [92, 93], which is typically formulated as a set of cou-
pled, nonlinear differential equations. Degradation can then be included by
augmenting the electrochemical model with additional submodels (e.g., SEI
growth or lithium plating) [94]. While this approach can improve inter-
pretability and extrapolation capability, it comes at the cost of substantially
increased model order and parameterization effort. In particular, physics-
based models involve high-dimensional internal states, require detailed pa-
rameter identification, and often lead to numerically intensive simulations,
which can limit their direct use in real-time control compared to compact
semi-empirical formulations [90]. For control-oriented applications, reduced-
order physics-based models, such as the single-particle model (SPM) and its
extensions, are often considered to alleviate the computational burden while
retaining key physics; however, they still require careful parameterization and
may remain challenging to embed in real-time optimization and control [95].

Data-driven Modeling
Data-driven approaches model battery behavior and aging by learning rela-
tionships directly from measurement data, with limited reliance on explicit
electrochemical assumptions. In the context of degradation, data-driven ap-
proaches typically learn mappings from measurable signals (e.g., current, volt-
age, temperature) and their extracted features to health indicators such as ca-
pacity fade, resistance growth, or state-of-health. Importantly, “data-driven”
does not imply a nonlinear model: depending on the intended use and avail-
able data, one may employ linear regression or identified linear dynamical
models, as well as nonlinear machine-learning (ML) models such as Gaussian
processes, decision-tree ensembles, or neural networks [96, 97].

A key motivation for data-driven modeling is its flexibility: by not com-
mitting to a specific mechanistic structure, these models can capture complex
interactions among stress factors and operating regimes that may be difficult
to represent with parametric laws. Moreover, once trained, many data-driven
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models can be evaluated efficiently, which can be attractive for online moni-
toring and prediction. However, this flexibility comes with several challenges.
First, predictive performance is strongly dependent on data quality and cover-
age: models may fail when operating conditions differ significantly from those
seen during training, and extrapolation outside the training domain can be
unreliable. Second, measurement noise, sensor bias, and dataset heterogeneity
(different cell batches, chemistries, or usage patterns) can lead to poor gen-
eralization if not carefully addressed through preprocessing, regularization,
and validation. Third, the resulting models may be difficult to interpret and
may produce non-physical predictions unless additional constraints or physics-
informed structures are imposed [97].

From a control and optimization standpoint, data-driven models introduce
additional considerations. While linear data-driven models can often be em-
bedded directly in optimization-based controllers, more complex nonlinear
models may be harder to use within a real-time optimization. Moreover,
causality can become a critical issue: some data-driven models are developed
for prediction accuracy rather than online decision-making and may rely, ex-
plicitly or implicitly, on non-causal information (e.g., future measurements
or offline preprocessing), which limits their direct applicability in real-time
control and optimization.

Comparison and Key Trade-Offs
Semi-empirical aging models provide a compact and interpretable structure
(e.g., an explicit calendar and cycle decomposition with predefined stress-
factor dependencies), yielding transparent links between operating conditions
and degradation and making them well-suited for control-oriented analyses
within a calibrated operating region. Physics-based models, in contrast, de-
scribe aging from electrochemical and transport principles and can expose
physical internal variables, but they typically involve higher model complexity
and a more demanding parameterization and simulation effort. Data-driven
approaches offer increased modeling flexibility by learning degradation behav-
ior directly from data without assuming a specific functional form; however,
their reliability depends on the representativeness of the training data and on
safeguards to ensure physical consistency and robust extrapolation.

In summary, physics-based models offer the strongest mechanistic grounding
but are often the most demanding in terms of complexity and computational
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burden; data-driven models can be highly flexible but depend strongly on data
quality and validation; semi-empirical models strike a balance by capturing the
dominant aging dependencies with a compact, interpretable formulation. In
this thesis—and in Paper A and Paper B—semi-empirical degradation models
are adopted as a control-oriented compromise that remains computationally
tractable while capturing the key stress-factor effects relevant to battery aging.
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CHAPTER 4

Photovoltaic System as Renewable Source

Photovoltaic (PV) generation has become one of the most widespread and ac-
cessible renewable technologies for household applications, thanks to its mod-
ularity, declining costs, and the possibility of directly supplying local electrical
demand. In the context of residential energy systems, rooftop PV can par-
tially offset grid imports, reduce exposure to time-varying electricity prices,
and contribute to decarbonization by replacing energy otherwise drawn from
fossil-based generation [7].

In this thesis—and Paper B—PV is considered as an additional energy
resource interacting with the home, the EV, and the public grid. Its presence
introduces a daily and seasonal renewable power profile that can be exploited
to increase self-consumption, support EV charging needs, and, when possible,
sell surplus energy back to the grid. At the same time, PV generation is
intermittent and weather-dependent, which motivates a characterization of
the solar resource and its typical patterns.

In the literature, residential PV installations are often complemented by
a stationary battery energy storage system to increase PV self-consumption
and mitigate the mismatch between midday generation and evening demand.
However, when an EV is available at home for a significant fraction of the
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day, the EV battery can provide a large and already-installed storage capacity,
potentially reducing (or even removing) the need for an additional stationary
battery. Several studies report that integrating PV with V2H operation can
substantially increase self-consumption and self-sufficiency, and that adding
both an EV and a stationary BESS is often less cost-effective than leveraging
the EV battery as the primary storage unit [98–100].

This chapter provides the background on photovoltaic generation from a
system perspective. It first outlines the PV modeling and operational aspects
within the considered vehicle-home-grid energy architecture and discusses the
main characteristics of the solar resource (e.g., diurnal cycles and seasonal
variability) that shape the available renewable power. Finally, it summarizes
the key modeling assumptions and simplifications adopted in this thesis and
Paper B, to represent PV generation in a control-oriented and simulation-
ready form.

4.1 Modeling and Operation

PV generation converts incident solar irradiance into electrical energy through
an array of semiconductor modules connected to an inverter. PV modules are
typically characterized by a rated (peak) power under standard test conditions
(STC), i.e., a cell temperature of 25◦C and a solar irradiance of 1000 W/m2

(= 1 kW/m2). The corresponding rating, usually expressed in Wp or kWp,
represents the maximum power that the module can deliver under these ref-
erence conditions [101].

In real operation, the electrical output depends on multiple factors, includ-
ing irradiance level, module temperature, and installation characteristics such
as tilt and orientation. While irradiance primarily determines the instanta-
neous available solar resource, deviations from the optimal inclination and
increases in cell temperature typically reduce the conversion efficiency and
thus the delivered power [102]. Since the focus of this thesis is on system-level
energy management rather than PV component design, a simplified PV rep-
resentation is adopted in Paper B to capture the dominant time variability of
solar generation with limited modeling complexity.
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Figure 4.1: Global solar irradiance measured for 30 days in June 2020, showing
the daily variability across the month for solar irradiance registered in
Gothenburg, Sweden [103].

Equivalent Plant PV Model
PV generation is represented through an equivalent aggregate plant described
by a nominal rating P PV

nom and a normalized solar irradiance profile SR(t) ∈
[0, 1]. The PV output at time step t is modeled as

P PV(t) = SR(t) P PV
nom, SR(t) ∈ [0, 1]. (4.1)

The SR(t) profile is obtained from the measured global solar irradiance S(t)
(in W/m2 or kW/m2) via a normalization with respect to the STC irradiance
level,

SR(t) = S(t)
Sref

, Sref = 1000 W/m2 (= 1 kW/m2). (4.2)

Under this abstraction, PV generation is zero during nighttime and follows the
typical diurnal pattern, with peak values around solar noon and substantial
day-to-day variability driven by weather and season.

To provide an empirical illustration of the solar resource, Fig. 4.1 reports
the global solar irradiance S(t) over a full month: the plot shows how irradi-
ance evolves within the 24-hour cycle. The figure highlights the characteristic
day–night pattern—with S(t) ≈ 0 during nighttime hours and a pronounced
peak around solar noon—as well as the day-to-day variability due to changing
weather conditions.

33



Chapter 4 Photovoltaic System as Renewable Source

Although the model above uses an aggregate rating P PV
nom, it can be inter-

preted as the result of an array of Nmod modules, each rated at P mod
nom under

STC, i.e.,
P PV

nom = Nmod P mod
nom . (4.3)

Modern residential modules typically occupy on the order of 1.7–2.0 m2 per
panel and have rated power in the range of ∼ 350–500 Wp [102, 104]. Con-
sequently, at peak conditions (i.e., SR(t) ≈ 1) a single module can produce
approximately 0.35–0.50 kWh over one hour.

Discrete-Time Energy Representation
The energy management problem is formulated with an hourly sampling time
∆t = 1 h. Therefore, the PV energy produced over one time step can be
written as

EPV(t) = P PV(t) ∆t. (4.4)

With ∆t = 1 h, power in kW and energy per time step in kWh coincide numer-
ically (though not dimensionally). For consistency with the time-discretized
scheduling formulation used in the related papers, PV generation may thus
be reported either as P PV(t) [kW] or equivalently as EPV(t) [kWh] over the
hourly interval.

Practical Assumptions for PV Modeling
To keep the PV model aligned with the scope of this thesis and Paper B, de-
tailed component-level effects are not explicitly modeled. In particular, a fa-
vorable tilt angle and a constant cell temperature of 25◦C are assumed, so that
the dominant dependency of PV output is captured through the irradiance-
driven profile SR(t) derived from the global solar irradiance S(t). This choice
enables integrating PV generation into the vehicle–home–grid scheduling prob-
lem without introducing additional uncertain parameters (e.g., temperature
dependence, shading, and orientation losses) that are not central to the control
objective.
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CHAPTER 5

Handling Uncertainty via Neural Network Forecasts

The vehicle–home–grid framework, extended with rooftop PV, is character-
ized by data that are only partially observable ahead of time. For instance, on
the household side, enabling V2H operation requires knowledge of the house-
hold electricity demand, since this profile determines how much energy can be
supplied by the EV (or must be drawn from the grid) at each time. Similarly,
on the PV side, planning how PV energy should be allocated (for example, to
serve household loads, charge the EV, or export to the grid) requires antici-
pating the PV generation.

These quantities are naturally available in real time, and their past val-
ues are known from measurements; however, their future trajectories over the
next hours cannot be directly observed. This lack of foresight introduces a
fundamental limitation when planning energy exchanges over a time horizon:
without reliable estimates of future demand and/or PV production, decisions
can only be made shortsightedly or based on overly conservative assumptions.
One practical way to mitigate this issue is to predict these signals from his-
torical data (and, when available, additional explanatory variables), thereby
providing the controller with plausible future input profiles.

This chapter focuses on forecasting such uncertain inputs. Specifically, it
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addresses short-term prediction of unknown data over a finite horizon, using
point forecasts produced by neural networks.

The chapter first defines the forecasting setup and describes the datasets
used. It then presents the feature engineering and selection methodology,
including permutation importance to assess the relevance of candidate inputs.
Finally, it describes the neural-network models used for short-term forecasting,
with emphasis on the architectures adopted in Paper A and Paper B.

5.1 Forecasting Setup and Data Description
This section formalizes the forecasting task considered in this thesis and sum-
marizes how the datasets are constructed. The overall goal is to produce
short-term predictions of uncertain input data at an hourly resolution, based
on historical measurements available up to the current time.

One-Step-Ahead Forecasting Task
We consider a discrete-time setting with sampling time ∆t = 1 h. At each
time step k, the forecaster receives as input a look-back window covering the
most recent 24 hours, i.e.,

x(k) ≜
[
y(k − 23), y(k − 22), . . . , y(k)

]
, (5.1)

which contains the 23 previous hourly measurements together with the current
one. The forecasting model outputs a one-step-ahead point prediction,

ŷ(k + 1|k), (5.2)

representing the estimate of the next-hour value based on the information
available at up to time k. Additional covariates that are known at time k may
be appended to the input vector; their selection is discussed in Section 5.2.

Multi-Step Prediction via Recursive Forecasting
Although the model is trained for one-step-ahead prediction, forecasts over a
longer horizon can be obtained through a recursive strategy. Starting from
the one-step prediction ŷ(k + 1|k), the model is iteratively re-evaluated by
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PREDICTION

PREDICTION

PREDICTION

Measured

Predicted

Figure 5.1: Recursive multi-step forecasting: starting from a 24-hour input win-
dow, the model predicts the next value, which is then fed back into the
input to generate subsequent predictions (shown here for three steps
ahead, i.e., H = 3).

augmenting the input window with the most recently predicted value, thereby
generating

ŷ(k + 2|k), ŷ(k + 3|k), . . . , ŷ(k + H|k) (5.3)

over a finite horizon of H hours. An illustration of the recursive prediction
procedure is shown in Fig. 5.1. This recursive procedure enables multi-step
predictions without retraining separate models for each lead time, at the cost
of a potential accumulation of prediction errors as the horizon increases [105].

Datasets Overview
Two datasets are considered in this thesis, reflecting the forecasting tasks
addressed in the two companion papers. In Paper A, the forecasting model is
trained using historical measurements of household electricity consumption.
In Paper B, the forecasting setup is extended by considering both household
consumption data and a solar-related time series (i.e., solar irradiance) to
support short-term prediction in PV-integrated scenarios. The sampling time
∆t = 1 h is also dictated by the temporal resolution of the adopted datasets.

Regarding household demand, a public dataset from the United States is
used. From this dataset, five individual apartments located in the State of
Washington were selected. This choice is motivated by the fact that Washing-
ton State exhibits climatic conditions that are broadly comparable to those
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of Northern Europe and Scandinavia, for instance southern Sweden.
Regarding PV-related data, a dataset containing solar irradiance measure-

ments recorded in Gothenburg, Sweden, is used.
For further details on the two datasets, as well as on the preprocessing

steps and the adopted training/validation/test split, the reader is referred to
Paper A and Paper B, and to the dataset sources in [103, 106].

5.2 Feature Engineering and Selection

Forecasting performance strongly depends on how the available measurements
are represented and which candidate inputs are provided to the model. This
section discusses feature engineering and feature selection in the context of
the considered forecasting problem. The focus is primarily on the feature set
explored in Paper B, where a larger pool of candidate inputs was available
(with partial overlap with the features used in Paper A). In such settings,
a systematic selection step can be used to reduce the input dimensionality
while retaining the most informative predictors. The following subsections
introduce the candidate features and their representation, and then describe
a selection methodology to identify a compact feature set.

Candidate Input Features

Building on the datasets introduced in Section 5.1, for the case study including
both a household and PV, the two main time series extracted from the adopted
sources are the household electricity consumption and the solar irradiance.

In addition to these primary variables, further candidate features can be
constructed. Typical examples include time-related descriptors (e.g., hour of
day or day of week) as well as additional variables available in [103].

In particular, for the case study selected—and considered during the prepa-
ration of Paper B—eight candidates can be selected as potential input features:
household load, solar irradiance, humidity, temperature, wind speed, hour of
the day, day of the week, and day of the year. Both humidity, temperature,
and wind speed can be extracted from the dataset in [103].
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Feature Importance
To determine which of these features are most informative for the prediction
of the household load and the solar irradiation, a Permutation Feature Im-
portance (PFI) analysis [107] is performed on the trained Transformer. PFI
quantifies the relevance of a feature by measuring the degradation in predic-
tion accuracy when its values are randomly permuted.

Setting

Let Xtest ∈ RN×L×F denote the test tensor (with N samples, window length
L=24, and F features), and let the model produce two outputs: household
load and solar irradiance. The baseline error, based on the mean squared error
(MSE), is computed by

MSEbase = MSE
(
yload

test , ŷload)︸ ︷︷ ︸
load

+ MSE
(
ysolar

test , ŷsolar)︸ ︷︷ ︸
solar

,

i.e., the sum of the mean squared errors on both outputs.

Permutation step

For each feature index i ∈ {1, . . . , F}, we create a perturbed copy X
(i)
test by

permuting all entries of the i-th feature across the entire test set and window,
i.e., we flatten the N × L slice Xtest[:, :, i] to a vector, apply a random shuffle,
and then reshape it back to N × L. This destroys the temporal and cross-
sample alignment of that feature while keeping its value distribution intact.
We then recompute the model outputs and the corresponding error

MSE(i) = MSE
(

yload
test , ŷload,(i)

)
+ MSE

(
ysolar

test , ŷsolar,(i)
)

.

The importance score for feature i is defined as the error increase:

Ii = MSE(i) − MSEbase.

Higher Ii indicates greater relevance of feature i for the joint (two-output)
forecasting task.
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Iterative selection

Starting from the eight candidate features introduced above, an iterative prun-
ing process is then applied to identify the most relevant subset using the
computed PFI scores. The procedure is summarized in Algorithm 1.

Algorithm 1 Iterative feature selection using Permutation Feature Impor-
tance (PFI)

1: Initialize feature set F = {all candidate features}.
2: repeat
3: Train the model using the current F .
4: Evaluate baseline error MSEbase on the test set.
5: Compute permutation importance Ii for all i ∈ F .
6: Remove feature(s) with a low Ii value(s) from F .
7: until model accuracy does not improve or F reaches a desired size
8: Output: final selected feature set F∗.

An iterative procedure similar to the one described above was applied dur-
ing the preparation of Paper B, resulting in the following four features, which
provided the best trade-off between forecasting accuracy and input dimen-
sionality:

• household load

• solar irradiance

• day of the year (ranging from 1 to 365)

• hour of the day (ranging from 0 to 23)

Among the discarded features, day of the week was found to be redundant,
as its periodic pattern is already encoded in the day of the year feature.
Similarly, humidity, temperature, and wind speed exhibited low influence since
their effects are implicitly captured by the measured solar irradiance, which
already reflects the combined influence of these weather conditions on the
available sunlight.
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5.3 Neural Network Forecasting Models
This section provides an overview of neural network model families that are
commonly used for short-term forecasting of time-series data. The aim is
to outline the main modeling ideas and the typical input–output structure
adopted in practice. After a brief introduction, recurrent models based on
Long Short-Term Memory (LSTM) networks are discussed, including hybrid
variants that combine sequence modeling with additional inputs. The section
then introduces attention-based Transformer models, which have recently be-
come popular for time-series forecasting. Finally, a short overview of other
widely used alternatives is provided for completeness.

Overview: Neural Networks for Short-Term Forecasting
Machine learning refers to a class of methods that enable computers to learn
patterns from data and improve performance on a task without being explicitly
programmed with task-specific rules [108]. Within machine learning, artificial
neural networks (NNs) denote a family of models built by composing multiple
nonlinear transformations, whose parameters are learned from data [109].

Conceptually, artificial neural networks were originally inspired by simpli-
fied abstractions of biological neurons, with the aim of learning an input–
output mapping directly from data [110]. In its basic form, a neural network
is composed of a sequence of layers, each containing multiple computational
units (neurons). For each layer l ∈ {1, . . . , L}, let h(l−1) denote the input vec-
tor and h(l) the output vector. The layer computes an affine transformation
followed by a nonlinear activation:

z(l) = W (l)h(l−1) + b(l), (5.4)

h(l) = ϕ(l)
(

z(l)
)

, (5.5)

where z(l) is the pre-activation vector, W (l) and b(l) are the weights and bi-
ases, and ϕ(l)(·) is the element-wise nonlinear activation (e.g., ReLU, tanh, or
sigmoid) that produces the later output h(l). Model parameters are learned
by minimizing a loss function that measures the mismatch between predicted
outputs and ground-truth targets, typically using gradient-based optimization
methods such as gradient descent [111].

Neural networks are widely used for short-term forecasting because they
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can learn nonlinear relationships and complex temporal patterns directly from
data, without requiring an explicit physical model of the underlying process.
In this context, forecasting is commonly formulated as a supervised learning
problem, where model parameters are learned from examples pairing past ob-
servations (and other available information) with future values to be predicted
[109, 110]. From a high-level perspective, neural network-based forecasting
models implement a mapping from a finite history of measurements (often
complemented by additional known descriptors, e.g., time-related variables)
to one-step-ahead or multi-step predictions over a short horizon [112, 113].

Different neural network architectures instantiate this mapping in different
ways. The most common families for time-series forecasting include recurrent
models (e.g., LSTM-based) and attention-based models (e.g., Transformers)
[114, 115]. Convolutional and feed-forward architectures are also widely used
as competitive alternatives for short-term prediction [113]. The next subsec-
tions provide a concise overview of these model families, with emphasis on
recurrent and attention-based architectures.

Recurrent Neural Networks and LSTM
Recurrent neural networks (RNNs) are a family of neural networks designed to
process sequential data by maintaining a hidden state that is updated as new
elements of the sequence are observed [110]. This recursive structure makes
RNNs a common choice for time-series forecasting, where predictions depend
on both recent and more distant past measurements. In practice, however,
standard RNNs may suffer from training difficulties when modeling long-range
dependencies, mainly due to vanishing and exploding gradient effects [116].

RNNs provide a compact way to summarize a history window into a state
representation and are often effective when the relevant dynamics are captured
by recent past information. A key drawback is that sequence processing is
inherently sequential, which limits parallelization and can increase training
and inference time compared to non-recurrent architectures [110].

Long Short-Term Memory (LSTM) neural networks are a specific type of
RNN designed to alleviate these cited limitations by augmenting the hidden
state—a compact internal representation that summarizes relevant informa-
tion from past inputs—with an explicit memory (the cell state) and gated
update mechanisms [114]. In other words, LSTM belongs to the RNN family
because it processes sequences recurrently, but it differs from standard RNNs

42



5.3 Neural Network Forecasting Models

in how information is propagated over time. At each time step, the LSTM
uses three gates, which can be interpreted as data-dependent filters: the for-
get gate decides which part of the previous memory should be retained or
discarded, the input gate determines how much new information should be
written into memory, and the output gate controls how much of the stored
memory should be exposed to produce the current hidden state [114]. By ex-
plicitly regulating information flow in this way, LSTM can preserve relevant
content over longer time spans and mitigate gradient-related issues during
training, which has made them one of the widely adopted baselines in many
short-term forecasting applications [113].

The main advantages of LSTMs are their improved ability to capture longer
temporal dependencies and their generally more robust training behavior com-
pared to standard RNNs. These benefits come at the cost of increased model
complexity (more parameters and higher computational effort), and perfor-
mance may still degrade when very long time windows are required or when
training data are limited [113].

Hybrid LSTM Variants

Hybrid LSTM models denote a broad class of forecasting architectures that
combine an LSTM block—used to encode temporal dependencies from a se-
quence of past observations—with additional components designed to exploit
complementary information sources. The main motivation is that short-term
forecasting often benefits from jointly capturing both sequential patterns in
the recent history and contextual descriptors that are not naturally repre-
sented as a pure sequence [113].

A hybrid LSTM architecture of this type is adopted in Paper A, following
the structure proposed in [117].

A common hybrid structure processes the historical time window through
one or more LSTM layers to obtain a representation of the recent dynamics,
which is then concatenated with auxiliary inputs (e.g., time-related descriptors
or other available variables). The resulting feature vector is finally mapped to
the forecast through a dense neural network. This design can be interpreted as
a two-branch architecture: a sequence branch that extracts temporal features
and a context branch that provides additional predictors, followed by a final
fusion stage [117].
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Attention-Based Models and Transformers
Attention-based models have recently become prominent in sequence model-
ing by enabling a neural network to focus on the most relevant parts of its
input when forming a prediction [118]. Unlike recurrent architectures, which
propagate information through a step-by-step state update, attention mech-
anisms operate by computing data-dependent interactions between elements
of the input sequence, thereby providing a flexible way to represent temporal
dependencies.

The Transformer architecture is the most widely used attention-based model
family. Its core building block is self-attention, where each element of the
input sequence is represented by attending to (i.e., forming weighted combi-
nations of) all other elements in the sequence. Conceptually, this allows the
model to capture both short- and long-range dependencies without relying
on a recurrent state. Because self-attention can be implemented using highly
parallel matrix operations, Transformer models are often more responsive to
parallelization during training than RNN-based architectures [115].

A Transformer-based forecasting model of this type, following the architec-
ture proposed in [115], is adopted in Paper B.

For time-series forecasting, Transformer-based models are commonly ap-
plied by representing a fixed history window (optionally augmented with ad-
ditional covariates) as a sequence of tokens. Since the Transformer does not
inherently encode the ordering of the sequence, temporal position information
is typically provided through positional encodings [115]. The model then maps
the input sequence representation to one-step-ahead or multi-step predictions,
either directly or through recursive evaluation [113].

Transformer models are attractive in forecasting applications due to their
ability to model complex dependencies and their favorable computational
properties on modern hardware. On the other hand, they typically require
careful design choices and tuning (e.g., number of layers/heads, regularization)
and may require more data than simpler recurrent baselines [110].

Other Common Model Families
Besides recurrent and attention-based architectures, several other neural net-
work families are commonly used for short-term time-series forecasting. The
simplest and widely adopted baseline is the feed-forward (fully connected)
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neural network. In this case, the input is typically a fixed-length vector built
from recent past measurements, possibly augmented with additional available
descriptors, which is then mapped to the forecast through a sequence of dense
layers [110]. Despite their simplicity, these models can be competitive when
the forecast horizon is short and the relevant dynamics are largely captured
by recent history.

Convolutional neural networks (CNNs) and related temporal convolutional
architectures provide an alternative way to model sequential data. These
models can be used to capture local temporal patterns and, when combined
with multiple layers, can represent dependencies across larger time scales while
maintaining favorable computational properties [110]. In forecasting applica-
tions, convolutional models are often used either as standalone predictors or
as feature-extraction blocks preceding other components.

Finally, hybrid combinations of the above families are frequently encoun-
tered in practice. For example, convolutional layers can be used to extract
short-term patterns before a recurrent module, or simple feed-forward branches
can be used to incorporate auxiliary descriptors alongside a temporal encoder
[113]. Overall, the choice among these model families is typically guided by
the characteristics of the data, the desired forecasting horizon, and practical
considerations such as computational cost and ease of training.
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CHAPTER 6

Vehicle-Home-Grid-PV Control

This chapter introduces the control layer that integrates the component mod-
els discussed in the previous chapters into a single, operational energy man-
agement strategy. While Chapters 2–5 presented the main building blocks
of this work in isolation, such as bidirectional charging, battery degradation
modeling, PV generation modeling, and the treatment of uncertainty in fu-
ture household demand and PV generation, here the focus shifts to how these
elements are combined within a unified Vehicle–Home–Grid–PV (VHGPV)
system and coordinated through a real-time controller. The goal is to com-
pute charging/discharging and power exchange decisions online, while enforc-
ing technical limits and user-centric requirements, and exploiting the available
flexibility to reduce operating costs without inducing excessive battery degra-
dation.

The chapter is organized as follows. Section 6.1 describes the VHGPV
control problem and the adopted operating modes, i.e., parking and driving
modes. Section 6.2 introduces the proposed MPC-based control strategy, with
particular emphasis on the shrinking-horizon implementation tailored to finite
parking intervals. Finally, Section 6.3 briefly reviews other control approaches
that could be adopted for similar energy management problems.

47



Chapter 6 Vehicle-Home-Grid-PV Control

6.1 VHGPV Operation and Control Problem
This section describes the real-time energy management problem considered
in this thesis and summarizes the operating modes adopted for the VHGPV
system. The considered scenario consists of a single EV and a single household
equipped by bidirectional charger, and the electric grid. In addition, rooftop
PV generation is included as an on-site renewable source (as in Paper B). The
resulting VHGPV configuration is illustrated in Fig. 6.1.

EV2H EG2H

EV2G

EG2V

HOME

EV
GRID

PV

EPV2H

EPV2V EPV2G

Figure 6.1: The proposed Vehicle-home-grid-PV configuration. The arrows indi-
cate the allowable energy flows for V2G, V2G, G2V, G2H, PV2V,
PV2H and PV2G.

As shown in the figure, the EV can supply energy to both the grid and
the household, enabling Vehicle-to-Grid (V2G) and Vehicle-to-Home (V2H)
operation, while Grid-to-Vehicle (G2V) represents conventional EV charging.
The household can also be supplied directly from the grid through the stan-
dard Grid-to-Home (G2H) flow. PV generation can be self-consumed by the
household load (PV2H), used to charge the EV (PV2V), and, when surplus
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energy is available, exported to the grid (PV2G). Throughout this work, it is
assumed that the EV can be charged only when parked at home; therefore,
public charging stations are not considered.

Operating Modes: Driving Versus Parking
The controller accounts for the fact that the EV alternates between two dif-
ferent operating modes, reflecting real-world operation.

Driving mode. When the EV is driving and therefore disconnected from the
home charger, it cannot participate in energy exchange. In this mode, no
optimization is performed and the system follows a simple rule-based logic,
since the EV cannot exchange power with the household or the grid. Specif-
ically, the household load is supplied by PV generation whenever available;
any remaining demand is met by importing energy from the grid. Conversely,
if PV production exceeds the household demand, the surplus is exported to
the grid. During driving, the EV state-of-energy (SoE) (equivalent to SoC, as
specified in Section 3.3) decreases according to the mobility energy consump-
tion, considering the assumption that the EV is only charged at home.

Parking mode. When the EV is parked at home and connected to the bidi-
rectional charger, it becomes an active energy storage that can be charged
from the grid or PV and, if enabled, can supply energy to the household
and/or export to the grid (V2H/V2G). In this mode, the controller com-
putes optimal set-points by solving a constrained optimization problem in a
receding-horizon fashion (Section 6.2), to determine the charging/discharging
power and the grid exchange that best satisfy the control objectives. Deci-
sions are updated every hour using the latest battery state measurement and
updated predictions for the exogenous variables.

This separation reflects a realistic operational assumption: flexibility is only
available during home parking intervals, which are the time windows in which
real-time energy management is performed.

Exogenous Inputs and Forecast Horizon
A key challenge arises from uncertainty in the exogenous variables that drive
the optimal decisions. In particular, future household demand and PV gen-
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eration are not known in advance and are therefore predicted, as discussed
in Chapter 5. This uncertainty is irrelevant when the EV is driving, since no
optimization is performed and the EV is not available for energy exchange. In
contrast, when the EV is parked and connected to the bidirectional charger,
forecasts are required because the controller must anticipate future demand
and PV availability to schedule EV charging and discharging actions, and
power exchanging. In this case, the prediction horizon is aligned with the
parking window: if the EV is expected to remain connected for Tp hours, the
controller relies on forecasts covering the next Tp time steps, combining the
current measured values with predictions for the remaining hours. As time
progresses, the remaining parking time decreases and the optimization horizon
is updated accordingly, which motivates the use of a shrinking-horizon MPC
formulation (Section 6.2).

Objectives and Constraints
The primary objective of this work is to minimize the user’s operating cost
over the simulated period. In particular, the controller is designed to minimize
both the electricity cost associated with energy imported from and exported to
the grid under time-varying prices, and the cost associated with EV battery
degradation induced by charging/discharging operation. In compact form,
this total cost can be expressed as

Ctot = Cenergy + Cdegradation, (6.1)

where Cenergy denotes the electricity cost and Cdegradation denotes the bat-
tery degradation-related cost. The degradation term is quantified through
the aging model introduced in Chapter 3 and converted into a monetary cost
following economic principles discussed in [119], so that both cost contribu-
tions are expressed in the same unit and can be jointly optimized within a
single objective function. Regarding the energy-related term Cenergy, during
parking mode it can be written as

Cenergy = Cbuy − Rsell, (6.2)

where Cbuy denotes the cost incurred by purchasing electricity from the public
grid, and Rsell denotes the revenue obtained by exporting electricity to the
grid (hence the minus sign in the total balance). These two contributions can
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be further decomposed as

Cbuy = CG2V + CG2H, (6.3)
Rsell = RV2G + RPV2G, (6.4)

where CG2V and CG2H are the costs associated with grid energy used to charge
the EV and to supply the household demand, respectively, while RV2G and
RPV2G are the revenues obtained by exporting energy to the grid through EV
discharging (V2G) and by selling surplus PV generation (PV2G). For further
details on these formulations and the adopted pricing assumptions, the reader
is referred to Paper A and Paper B.

It is important to note that this formulation is passive during driving mode:
when the EV is disconnected, no optimization problem is solved and the cost
simply accumulates according to the realized energy exchanges (i.e., the house-
hold being supplied by PV and/or the grid) and the EV mobility consumption.
In this case, the expressions for Cbuy and Rsell reduce to

Cbuy = CG2H, (6.5)
Rsell = RPV2G, (6.6)

since the EV is not available and therefore cannot be charged from the grid
nor discharge to support the household or export to the grid. In contrast, the
formulation becomes active during parking mode, when the EV is connected
and controllable. In this case, the cost in (6.1) defines the objective to be
minimized, and the controller explicitly optimizes the charging/discharging
set-points and the grid power exchange to reduce the predicted total cost,
leveraging forecasts of household demand and PV production.

The optimization problem is subject to both technical and user-centric con-
straints. Technical constraints include charger power limits for EV charging
and discharging, bounds on the admissible EV SoE, and (when applicable)
limits on the net power exchanged with the grid. User-centric constraints are
included to preserve mobility needs and mitigate range anxiety, for instance
by enforcing a minimum SoE level (either at departure or over portions of
the parking interval) to ensure sufficient energy availability for unexpected
trips. Further details on the adopted constraints are provided in Paper A and
Paper B. Together, these constraints ensure that economic optimization does
not compromise system feasibility, hardware limitations, or the EV’s primary
transportation function.
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6.2 Model Predictive Control for Bidirectional
Charging

Model Predictive Control (MPC) is an optimization-based control framework
in which control actions are obtained by repeatedly solving a finite-horizon
optimal control problem in real time [30]. MPC is widely adopted for the
control of constrained energy systems because it can enforce operational lim-
its (e.g., power bounds and state constraints) while leveraging predictions of
future exogenous inputs (e.g., demand and renewable generation). At each
time step, MPC uses a predictive model of the system to evaluate how can-
didate decisions affect future states and costs, and selects the control action
that achieves the best trade-off between economic performance and technical
feasibility under time-varying operating conditions.

Receding-Horizon Concept
The defining feature of MPC is the receding-horizon (or moving-horizon) im-
plementation. At each discrete time step k, the controller formulates and
solves a finite-horizon constrained optimization problem using the most re-
cent information available at time k (e.g., current battery SoE and current
measurements of demand/PV), and forecasts of the relevant exogenous quan-
tities over the next N steps. The decision variables are the planned control
actions over the horizon, i.e.,

u(k|k), u(k + 1|k), . . . , u(k + N − 1|k),

which typically represent charging/discharging and power exchange set-points.
These decision variables are chosen to minimize a cumulative objective (in our
case, energy cost and degradation cost) while satisfying all constraints over the
horizon. Importantly, feasibility over the horizon is enforced by including the
system coupling relations (e.g., the energy balance linking SoE across time)
and the relevant operational limits (e.g., SoE bounds and power limits).

Once the optimization is solved, only the first element of the optimal plan,
u(k|k), is implemented. At the next time step k + 1, new measurements
become available and the forecasts are updated; the optimization problem is
then solved again over a horizon shifted one step ahead. In this way, MPC
produces a sequence of decisions through repeated re-optimization, allowing
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the controller to continuously adapt to forecast errors and changing operating
conditions while still optimizing performance over a look-ahead window.

Shrinking-Horizon MPC

Shrinking-horizon MPC (SH-MPC) is a finite-horizon MPC implementation in
which the prediction horizon length decreases over time, rather than remaining
constant [120]. This differs from the standard receding-horizon implementa-
tion, where the horizon is shifted forward at each time step while its length
N is typically kept fixed. In SH-MPC, the horizon is shifted forward as well,
but its length is updated to match a finite remaining time window, so that
the last prediction step is anchored to a fixed terminal time (in this case, a
known departure time). Consequently, the number of decision variables and
constraints decreases as the terminal time is approached.

This formulation is particularly appropriate for the VHGPV setting consid-
ered in this thesis because the EV is controllable only during home-parking
intervals, which are inherently finite. Let ta denote the plug-in (arrival) time
step and tp the expected pickup (departure) time step. At each time step
within the parking interval, the optimization is carried out over the remaining
controllable window, i.e., up to the departure time. Accordingly, the hori-
zon length decreases as the pickup time approaches, and can be expressed
conceptually as

N(k) = tp − k + 1, (6.7)

so that the optimization problem always spans the remaining time steps until
departure, including the terminal step tp.

In this context, SH-MPC brings two main advantages. First, it ensures
that optimization is performed only over time intervals in which the EV is
available for control. Second, it provides a direct way to handle departure-
related requirements, such as enforcing a minimum SoE at tp, or additional
mobility constraints to mitigate range anxiety. Overall, SH-MPC retains the
feedback nature of MPC through repeated re-optimization, while explicitly
accounting for the finite and time-varying actuation window that characterizes
home bidirectional charging.
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Shrinking-Horizon MPC Formulation for VHGPV Control
In the VHGPV setting considered in this thesis, MPC is adopted during park-
ing intervals, when the EV is connected and controllable. In particular, a SH-
MPC implementation is used because control authority is available only over a
finite home-parking window: once the pickup time is reached, the EV discon-
nects and no further charging/discharging decisions can be applied. Accord-
ingly, at each hourly time step, the controller solves a constrained optimization
problem over the remaining time-to-departure to determine the EV charg-
ing/discharging power and the net grid exchange that minimize the predicted
total cost (energy cost plus degradation cost), using forecasts of household de-
mand and PV generation and enforcing technical limits and mobility-related
constraints. In this thesis, the resulting SH-MPC formulation is determinis-
tic, as uncertainty in household demand and PV production is represented
through point forecasts (obtained from the forecasting models in Chapter 5),
rather than through uncertainty sets or probabilistic scenarios.

The controller operates with a sampling time of ∆t = 1 h, and the time
index t therefore refers to hourly intervals. Let t̄ denote the present time step,
and let us keep the notation of ta and tp to denote the EV plug-in (arrival)
and pickup (departure) time steps, respectively. During a parking interval, the
SH-MPC problem is solved at each t̄ ∈ {ta, ta + 1, . . . , tp} over the remaining
parking horizon t = t̄, . . . , tp. Recalling (6.1), an implementation of the
stage cost, consistent with the shrinking-horizon logic and aligned with the
formulations adopted in Paper A and Paper B, is the following:

min
tp∑

t=t̄

Cenergy,t + Cdegradation,t, (6.8)

where the objective is written as a sum of per-step costs over the remaining
parking window. More explicitly, at each t̄ the optimization is carried out
over the planned charging/discharging and grid-exchange set-points {ut}

tp

t=t̄
.

Energy-based discretization. Following the convention adopted throughout
this thesis (and in Paper A and Paper B), decision variables are expressed in
energy units (kWh) rather than power units (kW). With hourly discretization
(∆t = 1 h), the energy exchanged over one interval satisfies Et = Pt∆t, where
Pt denotes the average power over the interval. Consequently, cost terms that
depend on the exchanged electricity can be formulated either in terms of Et
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or Pt∆t. Since ∆t = 1 h, Et and Pt coincide numerically for each interval,
and the energy-based notation is adopted for compactness.

6.3 Other Control Approaches for Real-Time
Energy Management

Besides deterministic MPC-based strategies, there are alternative control ap-
proaches that can be used for real-time energy management. The overview
below is concise and is included to place the deterministic SH-MPC approach
adopted in this thesis within the broader set of real-time energy management
methods.

Rule-Based and Heuristic Strategies
Rule-based and heuristic controllers implement predefined decision rules, typ-
ically based on thresholds and priorities [121] (e.g., “use PV to supply the
household first, export surplus to the grid, and charge the EV when the price
is low”). In this thesis, a rule-based logic is adopted during driving mode,
when the EV is disconnected and no optimization is required: the household
is supplied by PV whenever available, any deficit is covered by grid imports,
and any PV surplus is exported to the grid. Such strategies are attractive due
to their simplicity, low computational burden, and ease of implementation
on embedded hardware. However, they generally do not provide optimality
guarantees and can be difficult to tune when multiple, competing objectives
are present (e.g., electricity cost, battery aging, and mobility constraints). In
addition, their performance may degrade under changing operating conditions
or tariff structures, since the rules must be redesigned or re-tuned to reflect
new scenarios.

Robust and Stochastic MPC
The SH-MPC formulation adopted in this thesis is deterministic, in the sense
that uncertainty in household demand and PV generation is represented through
point forecasts. In contrast, uncertainty can be handled more explicitly within
robust or stochastic MPC frameworks. Robust MPC seeks decisions that re-
main feasible for all realizations of disturbances within a prescribed uncer-
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tainty set, often at the cost of increased conservatism [122]. Stochastic MPC,
instead, models uncertainty probabilistically and can incorporate chance con-
straints or expected-value objectives, potentially achieving less conservative
operation when uncertainty statistics are available [123]. These approaches
can improve reliability in the presence of large forecast errors, but increase
computational complexity and require either accurate uncertainty sets (robust
MPC) or reliable probabilistic models (stochastic MPC), which may not be
readily available in practical residential settings.

Learning-Based Control (Reinforcement Learning)
Learning-based methods, and in particular Reinforcement Learning (RL), rep-
resent an alternative in which a control policy is learned from data and/or
interaction with a simulation environment. RL is known to handle nonlinear
dynamics and complex decision-making without relying on an explicit analyt-
ical model [124]. However, its direct application to energy management poses
several practical challenges. First, enforcing hard operational constraints (e.g.,
SoE bounds and power limits) in a reliable way is nontrivial. Second, train-
ing typically requires substantial data and simulation design to cover relevant
operating conditions. Third, performance and safety may degrade when the
policy is deployed under conditions that differ from the training distribution
(e.g., different tariffs, weather patterns, or user behavior). For these reasons,
RL is often considered either in combination with constraint-handling mech-
anisms or as a complement to optimization-based approaches.

Optimization-Based Scheduling
Optimization-based scheduling computes a plan over a given horizon (e.g., a
day ahead) by solving a deterministic optimization problem based on forecasts
and operational constraints. In its basic form, the plan is computed once
and then implemented in open loop, i.e., without repeated re-optimization at
every sampling instant. This makes scheduling particularly suitable for offline
or planning-oriented settings in which future inputs are assumed to be known
in advance, and deviations are not expected [125].

When deviations do occur (e.g., due to unexpected events), a common prac-
tice is to augment the open-loop schedule with corrective actions, implemented
through rule-based logic [126]. While such corrections can improve feasibil-
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ity and practical performance, they do not generally preserve the optimality
properties of the original schedule. It is worth noting that MPC can be formu-
lated using the same underlying optimization models as scheduling; the key
distinction lies in the implementation: MPC repeatedly resolves the optimiza-
tion online using updated measurements and forecasts, thereby providing a
closed-loop decision-making mechanism that is responsive to uncertainty and
variability.
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CHAPTER 7

Summary of Included Papers

This chapter provides a summary of the included papers.

7.1 Paper A
Francesco Popolizio, Torsten Wik, Chih Feng Lee and Changfu Zou
Online Aging-aware Energy Optimization for Vehicle-Home-Grid Inte-
gration
Submitted to International Federation of Automatic Control (IFAC)
World Congress, Busan, Republic of Korea, Aug. 2026.

This paper studies the economic potential of vehicle–home–grid integration
enabled by bidirectional charging, using an online optimization strategy that
schedules power exchanges among an electric vehicle, a residential household,
and the public grid. The controller leverages V2H to reduce grid imports and
increase self-consumption, and V2G to exploit time-varying electricity prices
through energy trading (arbitrage) when economically convenient. Since the
household demand is not perfectly known in advance, the method operates in
a receding/shrinking-horizon fashion over each home-parking interval, repeat-
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edly re-optimizing the charging/discharging plan as updated load information
becomes available. To support these online updates, the framework relies on
a data-driven household load forecast based on a hybrid LSTM predictor. To
evaluate the profitability of V2H and V2G under dynamic electricity prices,
the framework also accounts for battery aging via a nonlinear model capturing
both calendar and cycle degradation. The resulting optimization minimizes
the total operating cost as the sum of electricity purchase/sale costs (with
a V2G selling-price ratio) and an equivalent battery degradation cost that
translates capacity fade into monetary terms via battery value and end-of-
life assumptions. Year-long simulations show that bidirectional operation can
yield substantial economic gains compared to unidirectional smart charging,
while inducing only a limited additional aging impact. Moreover, even under
unfavorable electricity selling conditions (low V2G selling-price ratio), V2H
alone still provides consistent savings by shifting energy between the EV and
the household. A sensitivity analysis further clarifies the operating regimes
in which bidirectional services are most beneficial and quantifies the trade-off
between cost reduction and battery wear.

Contributions: Francesco Popolizio contributed with conceptualization,
methodology, software, data acquisition, validation, writing–original draft,
review & editing. Torsten Wik contributed with writing–review & edit-
ing, supervision. Chih Feng Lee contributed with writing–review & editing,
supervision. Changfu Zou contributed with writing–review & editing, su-
pervision, funding acquisition.

7.2 Paper B
Francesco Popolizio, Albert Škegro, Torsten Wik, Chih Feng Lee and
Changfu Zou
Online Energy Management for Bidirectional EV Charging with Rooftop
PV: An Aging-Aware MPC Approach
Submitted to IEEE Transactions on Transportation Electrification.

Building on the previous study, this paper investigates the economic im-
pact of residential vehicle–home–grid integration in the presence of rooftop
PV by proposing an online, aging-aware energy management strategy for an
electric vehicle, a household, and the electrical grid. The MPC framework
explicitly exploits V2H and V2G operation to increase self-consumption and
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perform price-driven arbitrage, while respecting user-driven mobility require-
ments. Since both household demand and PV generation are not perfectly
known in advance, power flows are optimized over each home-parking inter-
val through a shrinking-horizon MPC scheme, re-optimized as updated mea-
surements and forecasts become available. To support these online updates,
the controller relies on a Transformer-based forecaster that provides short-
term predictions of household load and solar irradiance (used to estimate PV
generation). The controller incorporates a detailed nonlinear battery aging
model, capturing both calendar and cycle degradation, which is subsequently
linearized for tractable optimization. The optimization minimizes the total
operating cost by combining electricity purchase/sale costs (parameterized by
a V2G selling-price ratio) with an equivalent battery degradation cost that
monetizes capacity fade. The study evaluates two configurations: a vehi-
cle–home–grid system without PV and an extended vehicle–home–grid–PV
setup. A one-year case study under Swedish conditions shows that the pro-
posed strategy achieves the lowest annual cost among the considered strate-
gies. Adding rooftop PV increases the annual profit by €1060.7 compared to
operating without PV, and bidirectional operation can provide an economic
gain of up to €2410.5 over smart unidirectional charging, at the expense of
only 1.27% additional battery degradation. Even in the least favorable case
with no remuneration for exported V2G energy, bidirectional operation re-
mains beneficial: V2H alone still delivers €355.8 annual savings with negli-
gible extra wear. Sensitivity analyses over V2G price ratio, EV battery size,
household demand, and pickup time uncertainty confirm that these benefits
persist across a wide range of scenarios, with larger batteries generally being
better suited for bidirectional services.

Contributions: Francesco Popolizio contributed with conceptualization,
methodology, software, data acquisition, validation, writing–original draft, re-
view & editing. Albert Škegro contributed with validation, writing–original
draft, review & editing. Torsten Wik contributed with writing–review &
editing, supervision. Chih Feng Lee contributed with writing–review &
editing, supervision. Changfu Zou contributed with writing–review & edit-
ing, supervision, funding acquisition.
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Concluding Remarks and Future Work

This thesis investigated how bidirectional charging can be exploited to in-
tegrate an EV into a residential energy system as an active flexibility re-
source, enabling both V2H and V2G operation, optionally in the presence
of rooftop PV generation. Driven by the rapid growth of EVs, a key moti-
vation is that private cars remain parked for most of the day and therefore
represent an underutilized source of flexibility. When equipped with bidirec-
tional chargers, EVs can support local energy balancing, increase household
self-consumption, especially in PV-equipped homes, by shifting surplus PV
generation to later demand, and export electricity to the grid to exploit time-
varying prices through price-driven arbitrage. When managed appropriately,
these capabilities can reduce the user’s annual electricity cost, while still sat-
isfying mobility requirements.

A crucial barrier to widespread adoption, however, is users’ concern about
accelerated battery aging due to the additional cycling required by V2H and
V2G services. To study this trade-off, this thesis developed an online control
framework based on an SH-MPC scheme. During each home-parking interval,
power flows among the EV, household, grid, and PV system are optimized
while enforcing operational constraints and user-driven mobility needs. Dur-
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ing driving mode, instead, the EV is disconnected and therefore cannot par-
ticipate in energy management. In this case, the residential system is handled
through a simple rule-based logic that regulates the power exchange between
the household, the PV system, and the grid.

A challenge is that future household demand and PV production are not
known in advance, so the controller cannot rely on perfectly known trajectories
over the prediction horizon. To address this, the SH-MPC scheme is coupled
with a neural-network-based forecaster that provides short-term estimates of
the required quantities. The optimization is then re-solved at each time step
as new measurements become available, updating the plan online to limit the
impact of forecast errors.

Battery lifetime effects are explicitly accounted for through semi-empirical
degradation models that combine calendar aging and cycle aging. By includ-
ing the associated wear cost in the optimization, the controller can trade off
electricity-cost savings (or arbitrage revenues) against battery degradation,
enabling an aging-aware exploitation of bidirectional charging.

Overall, the results in Paper A and Paper B—which directly address the
research questions posed in Section 1.1—confirm that treating an EV as an
active energy node and enabling V2G and V2H through the proposed con-
troller can consistently reduce the user’s electricity cost across the considered
scenarios. Notably, even V2H-only operation delivers clear benefits by shift-
ing energy to avoid expensive grid imports. At the same time, the battery
aging associated with bidirectional operation remains limited, ranging from
negligible to modest in the tested cases. Sensitivity analyses further indi-
cate that these conclusions are robust under different operating conditions,
and show that larger-capacity batteries are particularly well-suited for bidi-
rectional services, as they can provide greater flexibility and savings while
keeping degradation at acceptable levels.

Future Work
While the proposed framework and the results in Paper A and Paper B provide
clear evidence of the potential of residential V2G and V2H operation, several
directions remain open for further research.

A first direction is to evaluate the generalizability of the proposed frame-
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work and the role of battery aging in the overall economic model. This requires
testing the controller under alternative market and regulatory conditions (e.g.,
different countries/cities, tariff structures, taxes, and incentive schemes) and
with diverse datasets for household demand, PV generation, and driving pat-
terns. Such cross-case evaluation would clarify how sensitive the economic
conclusions are to local price signals and user behavior, and to what extent
battery degradation remains a dominant (or secondary) driver of the optimal
strategy. Moreover, it would help identify which parameters and modeling
assumptions most strongly affect the predicted aging and its monetized im-
pact, thereby improving the robustness and transferability of the proposed
approach.

Another extension is to move from a single-user setting to a multi-user and
aggregation-based control. Coordinating multiple residential EV–home sys-
tems would enable the study of collective benefits, fairness among users, and
the emergence of new constraints at the community level. Importantly, once
multiple self-interested users are considered, conflicts of interest may arise:
strategies that are individually optimal can become harmful at the system
level, potentially creating new congestion patterns (e.g., synchronized charg-
ing/discharging) and shifting stress to different hours or network locations.

A closely related direction is to shift the perspective from user-centric cost
minimization to grid-centric objectives, exploiting bidirectional charging to
provide grid services such as peak shaving, frequency support, congestion
management, and flexibility provision. While recent developments already
point to the feasibility of EV-based flexibility at scale, an open challenge
is how to coordinate large numbers of small residential “micro-ecosystems”
(EV–home–PV) in a way that is scalable, robust to uncertainty, and com-
patible with distribution-network constraints, so that bidirectional charging
becomes not only economically attractive for users, but also a reliable resource
for supporting the power system.

A further direction is grid resilience. As distribution systems face increasing
stress from electrification, higher peaks, and more variable renewable gener-
ation, maintaining secure operation is essential not only for economic effi-
ciency but also for security of supply. In this context, bidirectional charging
can act as a distributed resilience resource: in normal operation, coordinated
V2G and V2H may mitigate peaks and preserve operational margins; during
faults or outages, EV batteries could support critical loads and assist restora-
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tion. Future work should develop resilience-oriented control formulations to
coordinate many residential EV–home–PV systems while respecting mobility
requirements and battery aging limits.

From a control perspective, especially when extending the framework to a
multi-user setting, it would be valuable to investigate robust and stochastic
MPC formulations that explicitly account for uncertainty rather than relying
solely on neural-network point forecasts. By incorporating uncertainty sets
or scenario-based representations, the controller could make decisions that
remain reliable under forecast errors and user interactions.

Finally, a key step to strengthen the practical relevance of these research
directions is to validate the proposed concepts under more realistic assump-
tions and operating conditions, including high-fidelity component models and,
where possible, experimental or pilot-based testing. Such validation would
help quantify performance and scalability in real-world operation, and clarify
the requirements for translating residential bidirectional control from simula-
tion studies to deployable energy management solutions.
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